he Employment Policies Institute (EPI) is a nonprofit research organization dedicated to studying public policy issues surrounding employment growth. In particular, EPI research focuses on issues that affect entry-level employment. Among other issues, EPI research has quantified the impact of new labor costs on job creation, explored the connection between entry-level employment and welfare reform, and analyzed the demographic distribution of mandated benefits. EPI sponsors nonpartisan research that is conducted by independent economists at major universities around the country. 
Executive Summary
The era of high employment has taken a sharp downward turn. The U.S. economy was cooling rapidly even before terrorism entered the picture. Employee layoffs are now measured in the hundreds of thousands. Many of these employees were entry-level workers just starting their careers. The Labor Department's statistics on teenage and young adult employment reflect a substantial rise in unemployment rates.
With unemployment rising in nearly every community, there is a compelling question before us: what are the long-term effects of unemployment spells? This is a difficult but very important question, particularly when shaping policies that may create unemployment among young workers. The effects of early unemployment can last much longer than many recognize. In fact, the effects of even relatively brief periods of unemployment can be felt (and measured) for years, not months.
The range of policies that could lead to unemployment among young workers is fairly easy to identify. Many policies that increase the cost of employing entry-level workers either have a proven record of causing job loss (e.g., minimum wage hikes) or carry clear risks of undermining employment levels (e.g., mandated benefits, increased payroll taxes, etc.). Other potential culprits could include tax, expenditure and monetary policies that cause unemployment to rise. It is well known that young people have the highest unemployment rates and their labor market success is quite sensitive to the state of the overall economy.
In this new research, Dr. Thomas A. Mroz of the University of North Carolina at Chapel Hill and Dr. Timothy Savage of Welch Consulting Economists show that policies causing youth unemployment can harm young adults for several years into the future. Far from being a fleeting annoyance, early unemployment has measurable, persistent effects that can be linked to the stagnation of human capital that occurs when an individual is not working, in training or in school.
Data Source
Using the National Longitudinal Survey of Youth (NLSY) Drs. Mroz and Savage study young men and their labor market reactions over time. The NLSY tracked the employment, education and demographic status of young men from the ages of 14 to 19 beginning in 1979 through 1993. Several factors describing the sample workforce change as the sample ages. From 1979 to 1993 the percentage of the sample experiencing any unemployment during the year decreased from 30% to 19%. Annual hours worked increased from an average of 628 in 1979 to 2,026 in 1993. Not surprisingly, average level of education and training increased over time, while the number in school decreased steadily. These statistics all show that human capital increased steadily over the sample period for the average male of that age. The core subject of the research, however, is an examination of the effects of a period of unemployment on future employment.
Lost Jobs Lead to Decreased Wages
Early unemployment delays gains in experience and training that usually lead to increased earnings. Prior work experience has been found to have a large and positive effect on future earnings, which is disrupted by an unemployment spell.
A 13-week unemployment spell last year 
Annual Weeks of Unemployment During the Year -for Study Sample
reduces wages this year by 3.4%, or about $900 (in 1993 dollars) for a full-time employee. A similar unemployment spell as long as four years ago reduces average hourly earnings by over 1%. At full-time in 1993, this amounted to over $300. A six-month unemployment spell experienced as long as four years ago reduces wages by 2.3%, equivalent to forgoing about one-quarter of a year of schooling.
Past Unemployment and Future Unemployment
In addition to suffering from lower wages after experiencing an unemployment spell, many are subject to increased likelihood of future unemployment. Not only do they have higher chances of being unemployed, but also those spells are shown to be longer for those who were previously unemployed.
Those previously unemployed as long ago as four years have a higher probability of being unemployed in the present year. A 13-week unemployment spell last year increases the duration of a contemporaneous unemployment spell by over 1.5 weeks annually. A term of unemployment last year decreases annual hours worked this year by approximately 5 hours annually for every week unemployed.
The "Catch-Up" Response
One of the primary findings of this research shows that during the period following a spell of unemployment, young men attempt to "catch up" to where they would be had they not been involuntarily unemployed. These young men attempt to replace the human capital gap created by a spell of unemployment. Prior unemployment is shown to have a positive effect on the contemporaneous likelihood of training. This effect lasts for only a short period as young men attempt to increase their economic value.
Conclusion
The results produced by Drs. Mroz and Savage show that policies causing youth unemployment (even unintentionally) lead to tougher roads for those youths that are most vulnerable. Those experiencing unemployment at an early age have years of lower earnings and an increased likelihood of unemployment ahead of them. Policies that may cause job loss can inadvertently lead to decreased wages, increased chances of unemployment and longer future unemployment spells for the most vulnerable. 
I. Introduction
The long-term effects of youth unemployment on later labor market outcomes are critical factors in the evaluation of government policies that affect the youth labor market. Adverse impacts may take the form of lower wage rates and weakened labor force participation in the future. If these adverse effects are large and persist through time, policies such as raising the minimum wage or increasing unemployment benefits will have sizable but hidden costs. Most analyses of the potential impacts of labor market policy, however, focus only on contemporaneous employment effects. This focus may be quite shortsighted, particularly for young people. This research presents policy-relevant estimates of the effects of youth unemployment on labor market outcomes later in life. We jointly model the endogenous schooling, training and labor market decisions and outcomes of young men over time using a sample from the 1979 National Longitudinal Sur vey of Youth (NLSY). The econometric framework used in this study includes detailed controls for the endogeneity of a wide range of human capital behaviors, including prior unemployment.
A spell of unemployment can lead to suboptimal investments in human capital among young people in the short run. A general dynamic model of human capital investment and accumulation predicts a rational "catch-up" response to an involuntary unemployment spell. The estimates presented here provide strong evidence of this catch-up response. First, prior unemployment has a significant positive effect on whether a young man trains today. Second, unemployment as long ago as five years has a significant positive effect on whether a young man works today and on how many hours are worked. While there is little evidence of longlived persistence of unemployment spells on the incidence and duration of future unemployment spells, there is short-term persistence. It is important to recognize that this evidence on increased training and employment by the previously unemployed youth should not be considered an indication of higher productivity of these youth relative to those youth who did not experience an unemployment spell. Rather, the observed increases in these productivity enhancing activities should be considered as attempts by the previously unemployed youths to replace a fraction of the human capital investments that the unemployment spells impeded. Despite this catch-up response and an absence of long-lived persistence in unemployment spells, there is evidence of long-lived "blemishes" from unemployment. After controlling for the observed human capital stock, 13 weeks of unemployment experienced as long as four years ago reduces average hourly earnings by over 1 percent. In terms of 2,000 hours worked at the sample's average nominal wage in 1993, this is a reduction of over $300. The unemployed youth clearly suffered because of their unemployment experiences, but they undertook activities to diminish the severity of these losses.
The remainder of this paper is divided into five sections. The next section examines the existing literature on the long-term effects of youth unemployment. The third section presents a 
II. Prior Literature
At the end of the 1970s, the official unemployment rate of youths age 16 to 19 had risen considerably during the past decade. Between 1969 and 1979, the annual rate had risen by over 30% from 12.2 to 16.1%. At the time, policymakers feared that the nation was gripped by an unemployment problem that would "permanently scar" the unemployed young. Policymakers accorded much less importance, however, to the fact that the labor force participation rate for this age group had also risen considerably from 49.4 to 57.9%.
In 1997, the US unemployment rate for 16-to 19-year-olds was 16.0% or nearly four times as high as the rate of the adult (20 and above) population. For black teenage males, the rate was over 36%. Surprisingly, these rates have changed very little in two decades. This is remarkable in light of the very different labor market conditions faced by young people in 1979 and in 1997. High youth unemployment rates are not unique to the US, however. In 1995, the annual unemployment rate for 16-to 24-year-olds in the European Union (EU) was 20.8% or nearly double the rate for the above-24 population. 1 The three highest rates were 41.7% in Spain, 33.5% in Italy and 29.9% in Finland. In Japan during 1997, the unemployment rate for 15-to 24-year-olds was twice that of those over 24. If it has longer-term impacts, especially on future earnings, youth unemployment would be an important social and economic issue.
Early empirical analyses of the long-term effects of youth unemployment focused on the extent to which early unemployment spells affect the incidence and duration of future unemployment spells. 2 These analyses found evidence of strong persistence in unemployment. In contrast to these analyses, other studies made a distinction between true state dependence and unobserved heterogeneity. 3 They showed that a failure to control for heterogeneity might spuriously indicate persistence by hypothesizing that individuals differ in certain unobserved characteristics. If these characteristics are correlated over time, measures of state dependence will proxy for this serial correlation in the absence of suitable controls. Youths with weak preferences for working and training, for instance, will tend to work and train less over time, other things equal. Observed variables such as prior unemployment are, therefore, statistically endogenous in regression analyses, and unbiased measures of their effects cannot be obtained.
A 1982 National Bureau of Economic Research (NBER) volume on the youth labor market approached the subject of youth unemployment, in part, by drawing on the search theoretic framework of Mortensen (1970) and Lippman and McCall (1976) . 4 Many of the analyses in this volume posit that an extensive process of mixing and matching among workers and firms characterizes the youth labor market. Young people find it optimal to change jobs frequently because of low reservation wages and low opportunity costs. High rates of turnover, possibly punctuated by unemployment spells, are a common characteristic of this market and not a problem per se. 5 Corcoran (1982) examines persistence in employment status by examining whether current employment status is influenced by prior employment status. 6 She finds the odds that a young woman works this year are nearly eight times higher if she worked last year than if she did not. Corcoran also examines the effect of prior education and work experience on hourly earnings, finding that both positively affect wages for the first few years out of school. 7 Ellwood (1982) examines persistence in employment patterns using annual weeks of unemployment and annual weeks worked. 8 After controlling for unobserved heterogeneity, he finds no persistence in unemployment and slight evidence of persistence in work behavior. He also examines the effect of prior education and work experience on hourly earnings, finding that both have a significant and positive effect for the first few years out of school. In both the Corcoran and Ellwood studies, the cost of forgone participation appears to be lower future wages rather than persistent nonparticipation in the labor market. 9 Using normal maximum likelihood methods to control for endogeneity, Meyer and Wise (1982) jointly model the choices of schooling and annual weeks worked. They also jointly model the schooling decision and wages. They find that hours of work during high school positively affect weeks worked after graduation and that early labor force experience positively affects wages. They jointly model only two of the several outcomes of interest, however. While they recognize that schooling, experience and wages should be modeled and estimated jointly, they leave this task to future research. 10 Research on the youth labor market did not end with the NBER volume, however. 11 Michael and Tuma (1984) examine the labor market effects of early labor force experience. 12 Regressing wages and schooling on lagged experience, they find that early employment does not affect wages or schooling likelihood two years later. They treat early experience as exogenous, however, and do not control for possible unobserved heterogeneity. Ghosh (1994) also examines the effects of early experience. 13 Using proxies such as test scores to control for heterogeneity, he regresses hours worked and wages at ages 22 and 23 on early schooling and labor force experience. He finds that early experience has positive long-run effects on hours worked and wage rates. While he has the advantage of a longer time horizon, Ghosh also treats early decision-making as exogenous. He finds larger effects than Michael and Tuma, however. This indicates that additional panel-years of data are necessary to uncover these long-term impacts.
It is difficult to pinpoint specific policy conclusions that might be drawn from the results in these studies. Several treat early labor force participation and schooling decisions as exogenous. In a model of lifetime decision-making, the inclusion of jointly chosen variables such as years of schooling or work experience yields results that are difficult to interpret behaviorally. Contrasting the results from Michael and Tuma with those of Ghosh, a policymaker would not be able to determine whether programs that encourage labor force participation among high school students benefit the participants with higher wages in later years.
The current literature on the long-term effects of youth unemployment contains many shortcomings. These include the use of small or non-random samples; the failure to control adequately for unobserved heterogeneity and endogeneity; insufficient time horizons to evaluate the full impacts of early unemployment; the imposition of unnecessarily restrictive statistical assumptions; and an absence of specific and meaningful policy conclusions.
This research addresses these deficiencies directly. It uses a large sample representative of the young male US population in 1979. The labor market, schooling and training decisions and outcomes of this sample are followed for 16 years. We jointly model and estimate these outcomes using a permanent/transitory error-components specification for unobserved determinants. This specification controls for the contaminating effects of unobserved heterogeneity and endogeneity. The estimates from this research can be used to gauge the long-term impacts of policies that affect the youth labor market.
III. A Conceptual Framework
Consider the following simple analytic model of human capital investment that closely follows Ben-Porath (1967) . 14 In this model, the present and the future are directly linked through the human capital accumulation process. An exogenous shock that perturbs the optimal time-path of investment in one period persists through time via the human capital stock. The model is used to examine the effects of this shock on future behaviors and outcomes. In this model, individuals live with certainty for three periods and may train in each of the first two periods. 15 Individuals invest in human capital by purchasing inputs d t to a human capital production function and by training. Training occurs on the job and is considered to be general. There is an implicit time-cost to training, and the share of time spent training is s t ∈[0,1]. There are no savings, no human capital depreciation and no decisions regarding hours of work other than the choice of s t . Earnings E t are obtained by renting the human capital stock (HC t ) at a constant rate w: E t = wHC t -1 . 16 This is always possible except when experiencing involuntary unemployment. Disposable income (or net earnings) is the difference between earnings and human capital investment: E t -I t . At the beginning of the first period, an individual chooses production function inputs d 1 , d 2 , s 1 and s 2 for both periods to maximize the present discounted value of disposable income. These four choices yield an optimal time-path of human capital investment and accumulation.
Involuntary unemployment perturbs an individual's optimal time-path of human capital accumulation. This is because it prevents on-thejob training, resulting in an under investment in human capital after the unemployment spell takes place. An involuntary unemployment spell in the first period, therefore, is equivalent to an exogenous reduction in that period's optimal human capital stock. 17 Those who experience the spell enter the second period with a stock of human capital HC 1 that is constrained below the optimal stock. Crucially, having experienced the shock, individuals are able to re-optimize at the beginning of the second period. This reoptimization yields a new optimal time-path of human capital investment. In this model, the only lasting effect of an involuntary unemployment spell is that it initially constrains an individual to less-than-optimal human capital accumulation. The model can be used to examine the spell's effect on future behaviors. It can also be used to examine how a spell affects observable outcomes such as earnings and provides a mechanism through which these effects may be mitigated by optimal behavior. The model provides two interesting implications. 18 
(This follows because
This proposition states that young people exhibit an optimal "catch-up" response to an involuntary unemployment spell that exogenously reduces their human capital acquisition in the first period. 19 The exogenous spell initially perturbs a young person's optimal time-path of human capital investment. Reoptimization that takes the spell into account, however, yields a new optimal time-path. This re-optimization produces two unambiguous effects on future behavior. The first is that a young person will increase the share of time spent training. The second is that a young person will increase expenditure on human capital. These behavioral responses are obtained because the return to training in the third period is strictly increasing the previous period's human capital stock. These changes in optimal second period choices are referred to as a "catch-up" response.
Proposition 2: Convergence
The effect of the unemployment spell on potential earnings diminishes over time.
(This follows because
In the second period, individuals unambiguously increase the share of time spent training. They also increase their expenditure on human capital inputs. These behavioral responses compensate for the human capital involuntarily forgone in the first period. By the third period, this compensatory training behavior results in a convergence in the unperturbed and perturbed human capit al stock s. Therefore, the behavior directly mitigates the unemployment spell's effect on potential earnings over time. This model demonstrates persistence in the sense that the effect of a spell in a single period lasts beyond that period. Optimizing behavior, however, mitigates that effect over time.
This conceptual model is simple but useful. It directly links the present and the future through the process of human capital investment and accumulation. By establishing equivalence between an involuntary unemployment spell and an exogenously constrained human capital stock, one can examine the effects of such unemployment on future behavior and outcomes. 20
IV. The Empirical Specification and the Data
The chief goal of this research is to provide policy-relevant predictions of the long-term effects of youth unemployment on future labor market outcomes. The preceding conceptual model provides a link between prior unemployment and the future through the human capital accumulation process. In this model, an exogenous unemployment spell results in sub-optimal human capital acquisition that directly affects future decisions and outcomes.
Here we address crucial econometric, data and empirical issues. We model jointly the endogenous schooling, training and labor market decisions and outcomes of young people over time. Each year, a young person chooses whether to train, to attend school and to participate in the labor market. Conditional on his labor force participation, he chooses how many hours to work annually. A young man may also experience unemployment, either voluntary or involuntary, during the year. Hourly earnings as well as schooling, training and labor force participation may be affected by an unemployment spell. The system of equations is estimated jointly using the semiparametric, full information maximum likelihood method suggested for single equations by Heckman and Singer (1984) and extended to simultaneous equations by Mroz and Guilkey (1992) and Mroz (1998) . This discrete factor integration method allows complex correlation across equations and over time. It explicitly models and controls for the contaminating effects of heterogeneity and endogeneity.
By using this semiparametric, full information maximum likelihood (FIML) procedure, we ...an exogenous unemployment spell results in sub-optimal human capital acquisition that directly affects future decisions and outcomes.
) are able to control effectively for the endogeneity of a wide range of the youths' previous decisions and outcomes on their later behaviors and outcomes. For example, we are able to model a wide range of endogenous behavioral determinants including previous unemployment, schooling and work experience. The estimates reported in this study, then, should be interpreted as the impacts of an exogenously induced change in the endogenous determinants. By controlling for endogeneity for this wide range of employment, training and wage determinants, the estimates reported here should provide more relevant predictions for policy evaluations than those found in any of the previous studies on the impacts of youth unemployment.
Modeling the Outcomes of Interest
In a study of this type, there are many potentially endogenous human capital variables that are used as right-hand side regressors. They include the stocks of education and work experience and prior unemployment. To account for this potential endogeneity, up to seven behavioral outcomes are jointly modeled every year for each young person in the sample. These outcomes are (log) average hourly earnings; whether or not a young man works; annual hours worked if working; whether or not a young man is unemployed; annual weeks of unemployment if unemployed; school attendance; and training. Log average hourly earnings are specified to be Mincer-type earnings functions. They depend upon polynomials in age and cumulative work experience, the stock of education and demographic variables. 21 Earnings may also be affected by prior unemployment. 22 Annual hours of work depend upon local labor market conditions, polynomials in age and labor force experience, education, prior unemployment and demographic variables. Annual weeks of unemployment depend upon local labor market conditions, polynomials in age and labor force experience, education, prior unemployment and demographic variables. Training is a dummy variable that takes the value one if a young person took part in any government-sponsored or vocational training in a particular year. 23 It depends upon polynomials in age and labor force experience, education, local labor market conditions, demographic variables and prior unemployment. Schooling is a dummy variable that takes the value one if a young person participated in any secondary or postsecondary education in a particular year. It depends upon polynomials in age and labor force experience, demographic variables and prior unemployment. Each of these equations also includes a linear time trend.
The Likelihood Function
To derive the likelihood function for the system of equations to be estimated, we use the following observed sequence for each young person i at each year t:
Let ε it be a vector with seven elements that contain unobserved determinants of the above outcomes. These unobserved determinants are specified to have an error-component structure: ε it = ρµ i + η it + u it , where ∆ is a vector of factor loads. Assume u it is a mean-zero iid normal error vector. The only substantive restriction this error-components structure places on the density of e it is that all correlation across equations and through time enter solely through the factors µ i and η it . It is precisely a permanent/transitory error specification. The factor µ i captures unobserved determinants that do not vary as young people age, such as ability. The factor η it captures time-specific unobserved determinants that may vary across time, such as preferences for work. 24 As an example of a discrete outcome, consider vocational training, tr it . As with the other three dummy variable outcomes modeled in this study, a latent index specification is used.
At each point in time, a young man trains if the value of his latent index is positive. The decision to train is influenced by a vector of observed variables, x tr,it . This vector of variables, briefly discussed earlier, includes background characteristics together with demographic and (potentially endogenous) human capital variables. 25 This decision is also influenced by permanent and transitory factors that are not observed. Crucially, the decision to train is also influenced by prior unemployment wu it -τ for up to five years. 26 This study focuses on the estimates of the ∃'s, the impacts of prior unemployment, for each of the seven outcomes: β o,t for ο = s, tr, work, hw, un, wu, w, and τ = 1,...,5. 27 As an example of a continuous outcome, consider annual hours worked. 28 Every year for each young man, annual hours of work are influenced by a vector of observed variables and unobserved error terms. As with the other outcomes, hours of work are also influenced by prior unemployment for up to five years.
A researcher can control for the contaminating effects of heterogeneity and endogeneity by integrating out the unobserved factors, µ i and η it . For example, if the factors were assumed to have a normal distribution, one could use multivariate normal maximum likelihood. The discrete factor integration method used here assumes that the underlying continuous distributions of the factors can be approximated by discrete distributions with mass points and probability weights that are estimated jointly with the other parameters in the system. Integration is greatly simplified since it requires only summing the suitably weighted products of density functions and univariate integrals. Further, the researcher does not have to make an a priori assumption about the distribution of the factors since the discrete approximation is driven by the data.
Equation 2
where tr it = 1 if tr it *> 0 and = 0 otherwise
Equation 1
Identification This study treats training, school attendance, work experience and unemployment as potentially endogenous variables that evolve as the young men in the sample age. The dynamic structure of this model secures the identification of the effects in ways that cannot be achieved in static analyses. 29 Within this dynamic structure, lagged exogenous variables satisfy the conditions for instrumental variables. To see this, consider the unemployment rate in the local labor market. At any point in time, such a variable is exogenous to young people. In 1985, variation in this rate has a direct impact on 1985 labor market choices. Similarly, variation in 1983 has a direct impact on 1983 choices. Because of the timing of decisionmaking, however, the 1983 rate has no direct impact on 1985 decisions except through the accumulated stock of human capital as of 1985. Consequently, the 1983 rate is an instrumental variable in 1985. This argument, of course, applies to different years and to the other exogenous variables in this study. Therefore, there are numerous instruments available, and the dynamic maximum likelihood procedure allows these to be exploited efficiently.
Page 8 is the vector containing the parameters of the discrete distributions.
Approximating the distributions of µ i and η it with mass points µ ik , for k = 1,…,K, and η itm , for m = 1,…,M, the contribution to the likelihood function of individual i is:
Conditional upon the factors, the contribution to the likelihood of individual i at time t is:
Equation 4 Equation 3
where f h is the annual hours worked density, f w is the log wage density, f wu is the annual weeks of unemployment density, and Θ is a vector of parameters to be estimated. Page 9 Identification in this model is also secured with theoretical exclusion restrictions and through nonlinearities in the likelihood function. Variables described later in this section that use exogenous state-level data provide these theoretical exclusion restrictions. These variables directly affect the schooling and training decisions and labor supply, but have no direct impact on wages other than through the human capital stock. They are, therefore, excluded from the wage equation.
The Data
The primary data for this research are taken from the National Longitudinal Survey of Youth (NLSY) and its geocode supplement. We use young men who were 14 to 19 years old in 1979 drawn from both the representative sample and the over-samples of blacks and Hispanics. This yields a sample size of 3,731 in 1979 that is followed through 1994. Of this, 2,286 are from the representative sample and 1,445 are from the two over-samples.
When constructing this sample, we applied the following two selection criteria. 30 First, a young man remains in the sample until his first non-interview date, after which he leaves the sample regardless of whether he is interviewed at some future date. 31 Second, those young men (not in the initial military sub-sample) who enter the armed forces permanently leave the sample upon entry. 32 Table 1 contains variable descriptions and summary statistics for the time-invariant characteristics of our sample. The first column of numbers contains the sample means for the entire sample. The next two columns contain the means for the representative and over-sample portions respectively. The variable afqt is derived from the 1980 Armed Forces Qualification Test (AFQT). 33 The scores from this test are regressed against age dummies to purge pure age effects. 34 Each value is then mean-differenced using the mean for the entire sample.
The first seven rows of Table 2 contain the  unweighted means for the entire sample in 1979, 1986 and 1993 of the outcomes that are jointly modeled in this study. As shown in Figure  1 , average annual weeks of unemployment appear quite anti-cyclical over this 16-year period, peaking in the recessions of the early 1980s and early 1990s. Figure 1 shows averages both for the entire sample and conditional upon any unemployment during the year. Average school attendance declines monotonically throughout the 16-year period. Average participation in vocational training rises to a maximum of 18.0% in 1993 but declines slightly in 1994. Average annual hours of work rise monotonically from 628 in 1979 to 2,034 in 1991. They decline somewhat in 1992 and 1993 but return to their 1991 level by 1994. Real average hourly earnings (in logs) rise monotonically from 1979 to 1993. 35 The remaining rows in Table 2 contain the time-varying unweighted averages for other variables used in this study.
There are several sources of state-level data that are matched to the NLSY sample. The first is data taken from the Digest of Education Statistics (DES) on per-student public expenditure at public secondary education institutions. The second is DES data on per-student public expenditure at postsecondary education institutions. The third is data taken from the Integrated Postsecondary Education Data System (IPEDS) on annual tuition prices at the largest or main campus of the state university system. 36 These expenditure and tuition data have been deflated using the CPI-UX1 deflator and show substantial variation through time and across states. For example, in 1979 the New England states spent nearly 25% more per student on secondary education than southern states, while tuition charges at public universities in the South were 80% lower than charges in New England. By 1986, these differentials were 37% and 49%, respectively.
Data on mandated minimum wages are also matched to the NLSY sample. Because certain states, notably California, Massachusetts and Pennsylvania, often have mandates that exceed the federal minimum, we use the larger of the federal or state mandate. These data are also deflated and show considerable variation over time. As shown in Figure 2, 
V. Estimation Results
This section discusses the key discrete factor maximum likelihood (DFML) estimates using the empirical specification in Section IV. 37 These results are organized into four general topics. The first topic is evidence of a "catchup" response to unemployment as measured by the effect of an unemployment spell on the probability of training and working and on annual hours worked. The second is evidence of persistence in unemployment. The third is evidence of long-lived "blemishes" of unemployment as measured by forgone average hourly earnings. The fourth discusses other estimates of potential interest, such as demographic characteristics.
In this section, we compare the DFML estimates to estimates derived from two types of single-equation specifications. The first type of single-equation specification does not control for the endogeneity of prior unemployment. It is either probit or ordinary least squares (OLS).
According to a likelihood ratio test criterion, the probit/OLS specifications, when estimated jointly but independently, are overwhelmingly rejected in favor of the DFML specification. The log-likelihood value for the independent probit/OLS estimates is -217,475.02 based on 224 parameters. The log-likelihood value for the DFML estimates is -209,349.47 based on 304 parameters. This amounts to an improvement of 8,125.55 in the likelihood value for only 80 additional parameters.
The second type of single-equation specification for comparison uses an individual-specific fixed-effects (FE) model to control for possible unobserved heterogeneity. 38 The FE specification is inconsistent in this setting if, for example, unobserved preferences for work change as young people age. In general, we find that the FE point estimates are less precise relative to their DFML counterparts. There is little evidence, however, that the gain in precision with the use of the random-effects DFML specification comes at the expense of consistency. In several key results, such as the earnings effect of prior unemployment, the FE point estimates are statistically indistinguishable from estimates that do not control for unobserved heterogeneity. One might interpret this as evidence that many of the determinants are not endogenous. The fact that the DFML estimates are often significantly different from the simple estimators but not significantly different from the FE estimates, however, indicates that this would be an incorrect inference. Instead, one should conclude that the FE estimators are often too imprecise to help one make an accurate assessment of the simple, single equation estimates.
A Catch-Up Response
The simple conceptual model discussed earlier presents the notion that individuals may display a catch-up response to an involuntary unemployment spell. This impetus to undertake "extra" training mitigates the effect of the spell on potential earnings over time. The DFML estimates strongly support this notion of a catchup response. Table 3 displays estimates of the effects of prior unemployment on three separate outcomes: whether a young man trains; whether a young man works; and how many hours a young man works annually conditional upon working. 39 The estimate in the first row of Table 3 indicates that prior unemployment has a significant and positive effect on the contemporaneous likelihood of training. This training effect, however, is somewhat short-lived. The longer-term effects are at most one-third the size of the immediate effects. Specification tests indicate no statistically significant effect beyond the first year, 40 so we exclude them from the empirical model. The key estimate in this table does indicate a statistically significant effect on training of those having recently experienced unemployment. To our knowledge, this is the first evidence of a "catch-up" response of this type in the literature. Recent unemployment, after controlling for the endogeneity of the unemployment spell, appears to induce young men to undertake Figure 2 more training. The other estimates in Table 3 buttress the notion of a compensatory behavioral response. It is remarkable that unemployment as long ago as five years has a significantly positive effect on the contemporaneous likelihood of working. Although the initial effect of prior unemployment on annual hours worked is large and negative, the longer-term effect is significantly positive. A 13-week spell experienced as long ago as five years increases hours worked by over 41 hours per year. 41 This effect is quite precisely estimated. A two-standard-error lower bound is over 28 hours per year. The OLS estimates of this latter effect indicate a much larger initial negative effect, -13.2011 (0.6858), and uniformly smaller positive effects on the other lags. For example, the OLS estimate of the fifth lag is 1.4991 (0.6106). Interestingly, with standard errors that are about 15% smaller, the DFML estimates are more precise than their OLS counterparts. 42 Because the effect of prior unemployment on whether a young man trains is such a key result, the different point estimates of this effect are compared across the three separate specifications. 43 For the DFML specification, the effect of one week of unemployment is equivalent to a 0.44 percentage-point reduction in the local unemployment rate. The standard error of this effect is 0.20. 44 For the probit and conditional logit specifications, the effect (standard error) is 0.33 (0.35) and 0.25 (0.46), respectively. The DFML effect is a third larger than the probit effect and more precisely estimated. The magnitude of the probit effect is washed away by a failure to control for the endogeneity of prior unemployment. On the other hand, the DFML effect is nearly twice the conditional logit effect and much more precisely estimated. Although both methods control for unobserved heterogeneity, there appears to be a large efficiency gain with the random-effects estimator used here. Chamberlain (1984) notes that in certain cases there is a potential for downward bias in the estimates from the conditional logit specification. Such a downward bias may be evident here. The DFML effect is larger and more precisely estimated than either the probit or conditional logit effect.
Taken as a whole, the estimates in Table 3  provide 
Evidence of Catch-Up Response (The Effect of One Week of Unemployment on Training, Work Participation and Work Hours)
DFML estimates with standard errors in parentheses.
Table 3
Bold-faced indicates significance at the 5% level Page 15 likelihood of his working for up to five years. Unemployment today also significantly increases the number of hours he will work (conditional upon working) for up to five years.
Persistence in Unemployment
Like many previous studies, here we examine how the duration of prior unemployment affects the incidence and duration of future unemployment. In general, the literature shows that controlling for unobserved heterogeneity greatly reduces measured persistence in unemployment. The evidence presented here generally supports that particular finding. Many of these previous studies also find that no persistence remains after the use of controls for unobserved heterogeneity. This study disagrees with that finding. We find that there is strong and statistically significant evidence of persistence in unemployment. Table 4 displays estimates of the effects of prior unemployment on the probability of experiencing unemployment and on annual weeks of unemployment. Unemployment as long as four years ago has a positive and significant effect on the likelihood of a contemporaneous spell of unemployment. This effect is quite pronounced for the first lag. In terms of a relative effect, it is equivalent to a 2.7088 (0.4582) percentage-point increase in the local unemployment rate. 45 There is over a 22-fold decrease in this effect after the first year. By the second lag, the effect is equivalent to a mere 0.1205 (0.0637) percentage-point increase in the local unemployment rate. By the fourth lag, the relative effect has all but vanished: 0.1125 (0.0613). This lag structure indicates that the effect of contemporaneous unemployment on the probability of experiencing future unemployment is initially very large and significant. This effect then fades very rapidly.
The positive effect of prior unemployment on the duration of a current spell is quite shortlived but significant. 46 A 13-week spell experienced last year increases the duration of a contemporaneous unemployment spell by over 1.5 weeks annually. 47 With OLS regressions of current unemployment on prior unemployment, Ellwood (1982) 
Long-Lived Blemishes
One of the most important measures of the longterm impact of youth unemployment is the effect of a spell on future earnings. Forgone work experience may reverberate throughout a young person's life. Perhaps this is because each job leapfrogs into future employment, and early unemployment would delay some of the first jumps. It may also be because lost experience, as posited by dual labor market theorists, permanently tracks young people into jobs characterized by low wages and little room for advancement. 48 Ellwood (1982) , for example, finds that prior work experience has a large and positive earnings effect. Forgone experience, therefore, represents lost earnings. This observation is, in fact, the motivation for the theoretical model discussed earlier. Table 5 displays DFML estimates of the effects of prior unemployment on log average hourly earnings. This earnings equation, as with the others in this study, controls extensively for the observed human capital stock. Even with these controls, there is evidence that the impact of prior unemployment on earnings is rather more long-lived than previous studies have shown.
The initial earnings effect of unemployment is large and quite precisely estimated. A 13-week unemployment spell experienced last year reduces wages by 3.4%. 49 In terms of 2,000 hours worked at the average nominal wage rate in 1993, this is a reduction of nearly $900. 50 A two-standarderror lower bound amounts to a 2.3% reduction in hourly earnings or over $600. A six-month spell experienced as long ago as four years reduces wages by 2.3%. To put this magnitude into context, this reduction is equivalent to forgoing one quarter of a year of school. As predicted by the theoretical model, the earnings effect of prior unemployment tapers off over time. Because it fully disappears after four years, the impact of unemployment on earnings is not permanent, as suggested by a scar analogy. The magnitude and duration of this effect, however, make it much more than a simple blemish. Unemployment experienced by a young man today will depress his earnings for several years to come.
Ideally, one would also like to obtain the effect of reduced human capital on earnings. If the theoretical model is correct and one could Page 16 Bold-faced indicates significance at the 5% level Page 17 perfectly observe the human capital stock, there would be no independent effect of prior unemployment on earnings. The results presented here do not include this additional avenue for how unemployment can reduce earnings. In future extensions of this work, we will simulate the change in the human capital stock due to unemployment in order to obtain the "total" earnings effect. Given the evidence of a rational catch-up response, a crucial result would be whether this total earnings effect is smaller than the effects presented here.
It is important to note that the negative earnings effect of prior unemployment remains after extensive controls for the observed (and potentially endogenous) human capital stock. At first glance, this effect suggests that unemployment does not simply represent forgone human capital, as suggested by dual labor market theorists. There is a more plausible argument, however, for the magnitude and duration of this earnings effect. The human capital variables used in this study are imperfect measures of young men's human capital stock. The "residual" earnings effect that we find could be capturing these imperfectly measured human capital variables. Table 6 contains the OLS and FE estimates of the earnings effect of prior unemployment. For comparison, it also contains the DFML estimates from Table 5 . 51 The OLS and DFML estimates are virtually identical for the first lag. The OLS estimate implies a 3.6% or $960 reduction in earnings for a 13-week unemployment spell. There are some important differences between the two sets of estimates, however. The OLS estimates indicate little change in the effect for the second lag, whereas the DFML effect declines by nearly half. The DFML estimate for the third lag is two-thirds that of the OLS estimate. As in the literature, we find that the use of controls for unobserved heterogeneity reduces the earnings effect of prior unemployment. Interestingly, when comparing the significance of the estimates, the OLS effects appear shorter-lived. The OLS estimates of the fourth and fifth lags are -0.0009 (0.0007) and -0.0007 (0.0006), while the DFML are -0.0009 (0.0004) and 0.0002 (0.0004). Although the point estimates for the fourth lag are identical, the DFML estimates are considerably more precise than their OLS counterparts. 52 This gain in precision results in a statistically significant impact of the fourth lag. Despite the similarity of the estimates, a likelihood ratio test overwhelmingly rejects the OLS specification in favor of the DFML specification. 53 There is a considerable gain in precision with the use of the random-effects specification.
The FE estimates tend to indicate a shorterlived earnings effect than that implied by OLS. Again, this is largely due to the precision of the estimates. The rounding used to present these Table 6 Bold-faced indicates significance at the 5% level results in tables "overstates" the significance of the FE estimate for the third lag. With one degree of freedom, the p-value of the null hypothesis of zero is 0.0703. As with the random-effects specification, use of the FE specification reduces the magnitude and duration of the negative earnings effect of prior unemployment. A test of whether the FE and OLS estimates differ, however, fails to reject the null hypothesis of no difference. 54 This is not surprising given the similarity of the point estimates in the first two rows of Table 6 and the somewhat large standard errors for the FE model. The DFML estimates, while consistent with the FE estimates, 55 do appear statistically different from the OLS estimates. Again, the precision of the DFML estimates helps to reject the OLS approach and provides more accuracy than the FE procedure.
The results in Table 6 indicate that that there is a considerable gain in precision with the use of random-effects DFML specification. What is crucial is that this additional precision does not come at the expense of consistency. The DFML specification overwhelmingly rejects the OLS specification. The FE specification cannot, however, reject the DFML specification in this case. With the results from Table 5 , we find the negative effect of prior unemployment to be large, to be persistent and to taper off slowly over time, even when controlling for unobserved heterogeneity and (imperfectly) for the human capital stock. These are exactly the impacts implied by the theoretical model.
VI. Conclusions
This research provides several new insights to our understanding of the youth labor market and, in particular, the long-term impacts of youth unemployment on later labor market outcomes. First, there is strong evidence of a catchup response to unemployment. That is, a spell experienced today increases the likelihood that a young person trains in the near future. It also increases for many years to come the likelihood of working and the amount of time spent working among those young people who work. A dynamic model of human capital accumulation predicts this catch-up response. This theoretical implication is new to the literature. The evidence presented here of this response is also new.
Second, results here are consistent with the finding that controls for unobserved heterogeneity greatly reduce measured persistence in unemployment. A spell experienced today does not ignite a long-term cycle of recurring spells of greater length in the future. However, this research disagrees with the finding of no persistence once controls are used. Evidence here indicates that there is some persistence in unemployment. The duration of a spell today increases the likelihood of another spell in the near future. It also increases the length of the spell should it be experienced.
Third, despite a catch-up response, unemployment significantly reduces earnings for up to four years. The magnitude and duration of this effect are simply too great to allow unemployment to be considered a mere blemish, the analogy accorded it elsewhere in the literature. The earnings effect appears to vanish after four or five years, so neither can it be considered a permanent scar.
Finally, we find that the use of the discrete factor maximum likelihood (DFML) specification increases the precision of the effects examined in this study. In several important cases, this gain in precision is considerable and results in different behavioral implications. Since there is little evidence that one should reject the more efficient DFML specification in favor of the less efficient fixed-effects specification, this gain in precision does not come at the expense of consistency.
Consider first the most general model that is identical to Ben-Porath except that is expressed in discrete time. Here the human capital production function has as an argument the lagged stock of human capital. Formally, the components of the model are:
The Law of Motion :
HC t = HC t -1 + hc t where HC t is the human capital stock at time t, hc t is the flow during time t and HC 0 = HC 0 is exogenous and positive.
The Human Capital Production Function :
where s t is the share of time spent training and d t is the amount of purchased inputs. By assumption, f i > 0, f ii < 0 and f ij > 0 for i ≠ j.
The Potential Earnings and Human Capital Investment Functions :
E t = wHC t -1 is potential earnings. I t = ws t HC t -1 + p t d t is the cost of human capital investment, where p t is the price of the purchased inputs and I 3 is optimally zero.
The Agent's Program :
E t -It ≥ 0 ∀t subject to the human capital production function, the law of motion and Given an exogenous constraint in the first period, the second period re-optimization is: This program implies the following first and second order conditions for an interior optimum.
First order conditions :

Model Limitations
This model is a simple but useful tool. It directly links the present and the future through the process of human capital investment and accumulation. By establishing equivalence between an involuntary unemployment spell and an exogenously constrained human capital stock, it can examine the spell's effects on future behavior and outcomes. It looks at only two behaviors and does not address job search or time voluntarily spent not working.
The duration of unemployment spells will vary by the intensity and duration of job search. While the duration of search is potentially observable, intensity is not. Search intensity is a component of the unobserved heterogeneity that makes unemployment a potentially endogenous variable in statistical analyses. It is unclear, however, what in particular search theory would contribute to this simple framework. The inverse relationship between search intensity and duration is unlikely to yield unambiguous theoretical predictions. In this case, the answers to the questions posed here are entirely empirical. On the other, this simple model uses a standard human capital framework to analyze these issues. Most mainstream labor economists probably accept that one mechanism through which current unemployment can affect future behavior is the human capital stock. Notwithstanding this acceptance, a model like this has not been found in the youth labor market literature. Further, even if all youth unemployment is simply time spent watching television, it may still be relevant to ask whether there are long-term consequences, especially for future earnings.
Finally, the model is expressed in terms of involuntary unemployment. Much of the literature on job search views the distinction between quits and layoffs to have little economic content. See, for example, McLaughlin (1991) . As is trenchantly noted by Gottshalk and Maloney (1985) , however, much of this debate is tautological. To summarize their argument, even coerced decisions can be viewed as voluntary since they result from re-optimization under an alternate set of constraints. In this case, all unemployment may be considered voluntary. It is not possible to distinguish the nature of unemployment using NLSY data. Total unemployment, however, is identically the sum of its involuntary and voluntary components. Isolating one of these components is sufficient to distinguish them empirically, since the other is identically the residual. Local variation in labor market conditions over time and exogenous changes in mandated minimum wages over time are potentially suitable instruments to make this empirical distinction. Stevenson (1978) and Becker and Hills (1980) . These studies viewed youth unemployment as involuntary. They predicted dire consequences for those young people who experienced unemployment early in their working lives. On the other hand, dual labor market theorists held that early unemployment would permanently track young people into jobs with low pay and little room for advancement. Drawing on the human capital models of Ben-Porath (1967) and Blinder and Weiss (1976) , still other analyses posited that early spells would deprive the young of labor force experience during that portion of the life cycle when it yields the highest return. The lifetime earnings profiles of unemployed youths would permanently shift down. 3 See Heckman (1979) , Heckman and Borjas (1980) and Flinn and Heckman (1982) . 4 While much of the volume is descriptive, Corcoran (1982) , Ellwood (1982) and Meyer and Wise (1982) present detailed analyses of the long-term effects of early work and schooling decisions on later labor market outcomes. 5 See Freeman and Medoff (1982) and Freeman and Wise (1982) . 6 With a sample of 634 young females from the National Longitudinal Survey of Young Women, she uses the conditional logit model suggested by Chamberlain (1980) . Chamberlain (1984 Chamberlain ( , pp. 1274 Chamberlain ( -1278 , however, notes that this specification is not consistent in this context because it assumes that there can be no occurrence dependence. Occurrence dependence is exactly what Corcoran is measuring. 7 The sample is 2,067 young women from the Population Study of Income Dynamics who have finished school. 8 The sample is 298 young males from the National Longitudinal Survey of Young Men. To control for unobserved heterogeneity, he uses an individual-specific fixed-effects specification (FE specification). 9 If unobserved tastes vary as young people age, however, neither of these studies controls appropriately for heterogeneity. Variables such as schooling or prior unemployment remain endogenous, and estimates of their effects on outcomes such as hourly earnings are biased. Furthermore, evidence (Lewis, 1986 and Robinson, 1989) indicates that the FE specification exacerbates problems of measurement error in a manner that biases estimates toward zero. 10 Since their data omit high school dropouts, young people for whom early unemployment may have large effects later in life, their results could understate the true long-term effects of early unemployment. Further, recent Monte Carlo evidence (Mroz and Guilkey, 1992 and Mroz 1998) indicates that the normality assumption, when invalid, often induces greater bias than ignoring the endogeneity in models of the type used by Meyer and Wise. 11 See also Lynch (1985) , Lynch (1989) , Narendranathan and Elias (1993) and Raphael (1996) . 12 The sample they use is 14-and 15-year-olds from the National Longitudinal Survey of Youth (NLSY). While this age range may appear quite young, they note that a quarter of the male sample works on average 12 hours per week. 19 Although the comparative dynamics in the parentheses are negative, the effects of the spell on subsequent human capital investments are positive. To see this, note that the spell constrains the first period human capital stock below its optimal value. The comparative dynamics measure the effects of a slight relaxation in this constraint, as the constrained stock approaches the optimal stock from the left on the real line. Therefore, the effects of the spell on optimal second period behaviors are the opposite sign of the comparative dynamics. That is, the effects of the spell on these human capital investment behaviors are positive. 20 This model looks at only two behaviors and does not address job search or time voluntarily spent not working. These and other limitations are discussed in Appendix 1. 21 The stock of education is measured by highest grade completed, whether a young man possesses a high school diploma or a general equivalence degree (GED) and whether he possesses a four-year college degree. 22 If the mechanism through which unemployment affects wages is exclusively forgone human capital, there should be no effect of prior unemployment on wages after perfectly controlling for the human capital stock. Perfectly controlling for the human capital is unlikely, however, because the human capital variables are only proxy measures. 23 The NLSY questionnaire was substantially altered in 1987 when management of the NLSY was transferred to the Bureau of Labor Statistics (BLS), and no training questions were asked in this year. In 1988, the questionnaire asked whether any training had occurred in either 1987 or 1988.
Estimates of Persistence
Estimates of Blemishes
Page 33 27 While of lesser focus, the estimates of the ∀s for each equation are quite interesting and relevant. They are also discussed. 28 The decision to work, wages and unemployment are modeled only for those young men not in school. Further, annual hours of work and wages are modeled only if a young man chooses to work, while weeks of unemployment are modeled only for those who experience a spell of unemployment during the year. 29 For a thorough discussion of identification in models of this type, see Mroz and Surette (1998) . 30 By 1986, these selection criteria affect nearly 25% of the sample. By 1994, nearly 40% is affected. 31 The average length of a non-interview spell is greater than three years. Given the age of this sample, the failure to observe outcomes for this length of time could induce bias in estimates of interest. If the attrition process is random, this selection procedure does not bias the estimates. See MaCurdy, Mroz and Gritz (1998) for a detailed analyses of attrition from the NLSY. 32 Despite the role that training plays in the armed forces, those young men who enter the military report no training. Future extensions of this research may also model a young man's (endogenous) decision to enter the military and his accumulated years of military experience. 33 Approximately 90% of the original cohort was administered the AFQT test. 34 For those in the sample not administered the test, a predicted value is assigned using the race-specific mean residual from the age regression. 35 Average hourly earnings are defined as total annual earnings from wages and salary divided by annual hours worked. They are deflated using the CPI-UX1 price index with a base year of 1982. 36 Alex Cowell provided us with the tuition price data. 37 A complete set of DFML estimates may be found in Appendix 2. These estimates are obtained from a model that uses two permanent linear heterogeneities, each with six mass points, and a vector of transitory nonlinear heterogeneities with seven mass points. This amounts to 80 additional parameters over a model with no heterogeneity. 38 In the case of a dummy variable outcome, the Chamberlain (1980) conditional logit model is used. In the presence of occurrence dependence or lagged endogenous variables, this conditional logit estimator is inconsistent. Appendix 3 contains selected results for the single-equation specifications used for comparison. A complete set of single-equation results is available from the author on request. 39 In all equations, prior unemployment is measured as weeks per year. The other variables used in these equations are listed in Tables 1 and 2 account for the correlations of disturbances across years. A portion of this additional efficiency in the DFML specification comes from the implicit seemingly unrelated regression (SUR) covariance structure. 43 These comparisons require a normalization of the different point estimates since they are derived from different probability specifications. For this normalization, I use the estimated coefficient of the local unemployment rate in the training equation. For the DFML specification, the normalization is 0.0051/(-0.0116) = -0.4396. For probit, it is 0.0035/(-0.0106) = -0.3302. For conditional logit, it is 0.0067/(-0.0263) = -0.2548. The negative sign indicates that these relative effects can be expressed in terms of a reduction in the local unemployment rate. 44 The standard errors of these normalized effects are obtained using parametric bootstrapping with 10,000 replications drawn from the distribution implied by the covariance matrix of the estimates. 45 The DFML estimate of the local unemployment rate in this equation is 0.0390. The standard errors of these effects are obtained using parametric bootstrapping with 10,000 replications. 46 Testing fails to reject the hypothesis that this effect is zero beyond the first lag. These exclusions are imposed for the specification used for these estimates. With the specification that uses all five lags of annual weeks of unemployment, the DFML estimates (standard errors) on the remaining four lags are 0.0251 (0.0146); 0.0204 (0.0144); 0.0025 (0.0136); and 0.0027 (0.0131), respectively. These are quite small, relative to the one-year lag. 47 This measure is 13*0.1254 = 1.6302. 48 For a discussion of these issues, see Cain (1976) . 49 This measure is -0.0026*13 = -0.0338. 50 The average nominal wage rate in 1993 is 13.19/hour. At 2,000 hours, this yields average earnings of 26,380. 51 The OLS and FE estimates in Table 6 appear in Appendix 3 as 
